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Temporal dimensions of reported life satisfaction in a low-income,
agricultural environment
Helen Adams 1, Andrew Reid Bell 2 and Md. Ehsanul Haque Tamal 3
ABSTRACT. Improving quality of life of farmers in rapidly changing rural economies remains a challenge. In low income settings,
agricultural lean seasons lead to a fall in consumption and nutrition that affect longer term well-being trajectories. However, human
well-being goes beyond material wealth, and increasingly subjective well-being is measured to reflect whether personal objectives are
being met across a range of life domains. However, resource constraints mean surveys are usually carried out once a year, or at most,
once a season. Here, we investigate whether life satisfaction reported annually is representative of assessments throughout the year,
with a focus on the influence of the agricultural cycle on scores. We do so using data from a novel, mobile phone-based survey that
collected 10,032 observations of life satisfaction reported weekly for one calendar year in land-owning farmers in Bangladesh. The
data show that most individuals report stable and midrange life satisfaction. Smaller groups show consistently low, consistently high,
or fluctuating levels of satisfaction. Using a cluster analysis, we define natural groups based on levels and stability of satisfaction.
Social-demographics as well as material wealth predict membership of these groups showing the relative and culturally embedded
nature of subjective well-being. Agricultural activities throughout the year are significantly associated with reported life satisfaction,
but not always consistent with low seasons: land preparation and harvest are associated with increased life satisfaction; weeding and
irrigation are associated with lower satisfaction. Furthermore, we show that the periods of activity during the agricultural cycle most
likely to be associated with satisfaction vary depending on whether the individual reports high, low, or variable life satisfaction. Thus,
we suggest, to improve well-being in low-income rural areas, analysis should include people’s propensity to be satisfied, as this alters
sensitivity to changes in other life domains.
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INTRODUCTION
Rural populations in the global south persist in rapidly changing
and often increasingly difficult social, economic, and
environmental conditions (Hossain et al. 2016, Rigg et al. 2018).
Although migration to urban centers, remittances, and off-farm
labor are increasingly significant in sustaining rural life,
agriculture remains the linchpin of many rural economies (World
Bank Group 2016). In this setting, coping strategies to smooth
consumption over seasonal agricultural low periods undermine
longer term well-being trajectories (Dercon and Krishnan 2000,
Hulme and Shepard 2003). However, income and consumption
are not the only determinants of well-being. Our objective in this
paper is to understand how subjective elements of well-being vary
with these agricultural cycles and if  measuring well-being over
the agricultural calendar can tell us anything about the nature
and predictors of subjective well-being.  
There are many reasons why well-being is influenced by the
seasons. Predictable seasonal low periods are caused by lack of
food crops for subsistence, combined with the inability of
households to transfer assets between seasons (Khandker 2012,
Basu and Wong 2015), and increases in food prices for the landless
(Becquey et al. 2012). However, drivers of seasonality are not
always related to agriculture. The rainy season can lead to certain
activities becoming more difficult, for example, firewood
collection, cooking with firewood, and transportation such as
rickshaw pulling (Adams et al. 2013, Becquey et al. 2012).
Furthermore, seasonality in consumption can be caused by
annual expenditures on festivals and weddings (Jolliffe and
Serajuddin 2018) and seasonality of diseases such as cholera can
influence consumption through out of pocket costs for healthcare
(Baracchini et al. 2017).  
Yet, well-being is multidimensional and is generated by a range
of conditions beyond income. Since the early 2000s, analyses of
poverty have increasingly put material well-being in the context
of the wider human experience (e.g., Sen 2001, Gough and
McGregor 2007, OECD 2013). In doing so, they acknowledge
that policies and programs target material conditions of the poor
not for their own end, but to increase satisfaction with life
(variously conceptualized as welfare or happiness) and that
material conditions alone do not create the conditions necessary
for this “good life.” Thus, academics have begun to measure
subjective well-being (SWB), a person’s assessment of their own
life satisfaction, and to investigate the contribution of different
life domains to satisfaction, especially nonmaterial dimensions
such as a sense of community, equality, security, or access to
decision making over one’s own life (McGregor et al. 2015).  
In this paper, we analyze seasonal variations in subjective well-
being. We analyze weekly reported life satisfaction (RLS) scores
in a group of 480 land-owning farmers in Rangpur District in
Bangladesh. This is an area where livelihoods are highly seasonal
and driven by the presence or absence of the monsoon rains
(Khandker 2012). Further, Bangladesh, while one of the poorest
countries in the world, exhibits sometimes contradictory well-
being characteristics. Although material poverty is generally
matched by low levels of reported life satisfaction and low positive
affect (Asadullah and Chaudhury 2012, Mahmud and Sawada
2018), the nation is associated with happiness levels higher than
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the material conditions of its population might predict. People
adapt life expectations to the reality they face (Clark 2012), in a
process known as adaptive preference formation (Sen 2001), and
as such approaches based in subjective well-being may produce
distorted representations of reality (Teschl and Comim 2005).
However, this apparent contradiction may also reflect that the
Bangladeshi poor prioritize a range of life domains beyond
income (Camfield et al. 2010). Further, objective development
indicators are also inconsistent; for example, Bangladesh shows
lower birth rate and mortality for its levels of poverty (Chowdhury
et al. 2013).  
We make both a methodological and a substantive contribution.
Our methodological contribution is to measure subjective well-
being on high temporal timescales in a low income, rural setting
facilitated by a novel, mobile phone-based data collection
technique. In doing so, we provide the longer term temporal
context for one-time or annual reported life satisfaction scores
and show that they are, in general, representative of what the
respondent would have reported at any other time across the year.
Substantively, we show whether life satisfaction exhibits seasonal
variation in farmers, and if  so, whether its patterns echo the
agricultural seasons. We show that agricultural activities are
significantly associated with life satisfaction, but not in ways
completely consistent with “hungry” seasons.  
We go further to show the benefits of measuring subjective well-
being as a distribution rather than a point estimate. Using cluster
analysis, we group respondents by the characteristics of their
reported life satisfaction: the strength of their satisfaction and the
stability of their scores. First, we predict membership of these
groups, and show that there are certain socio-demographic
characteristics that increase the likelihood of the individual
reporting high or low satisfaction with life. Second, we show that
the life satisfaction of someone who is consistently satisfied shows
a different sensitivity to objective changes in the agricultural
calendar to someone who is consistently dissatisfied, or whose
satisfaction fluctuates throughout the year.
SUBJECTIVE WELL-BEING IN LOW INCOME
SETTINGS
Subjective well-being is a measure of how people cognitively
assess their own lives representing “all of the various evaluations,
positive and negative, that people make of their lives, and the
affective reactions to their experiences” (OECD 2013:10) and,
thus, represents our ability to self-actualize, i.e., to be masters of
our own destiny (Ryan and Deci 2000). Subjective well-being is
usually articulated as an aggregate of components: cognitive (self-
assessment against life objectives), affective (hedonic, happiness-
seeking), and eudaimonic (meaning-based).  
Cognitive dimensions are usually measured by asking people to
assess their overall satisfaction with life and are often measured
on an annual basis, aggregated to national levels, e.g., the World
Happiness Report or the Annual Population Survey of the UK
Office of National Statistics, to complement economic
assessments. Affective dimensions are measured by asking people
to describe their emotions at a point in time and a eudemonic
aspect captures the value and worthiness of the activities in which
the person is involved (Kahneman and Riis 2005, Dolan and
Metcalf  2012). Cognitive and affective responses in surveys
represent independent but interrelated characteristics. A person
with high levels of life satisfaction may be more predisposed to
interpret everyday life experiences in a positive way, and a person
who is currently experiencing positive emotion may report a
higher life satisfaction (Kahneman and Riis 2005). Thus, whereas
cognitive measures are more stable than affective measures
(Diener et al. 2013), they do vary over short timescales (Kahnman
and Krueger 2006).  
Likewise, while material well-being and subjective well-being are
correlated, the former does not directly influence the latter
(Camfield et al. 2010, Diener and Tay 2015). The debates
surrounding whether national happiness increases with economic
growth are a testament to this (e.g., see Easterlin et al. 2010).
Measured at the national level, Easterlin argues that economic
growth and subjective well-being are not correlated over the long
term, but that over the short-term economic downturns correlate
with lower levels of subjective well-being (Easterlin 2015). The
lack of consistency between economic and subjective well-being
can be explained by the importance of the wider human
experience, beyond material conditions. In both high- and low-
income settings, nonmaterial factors are crucial for human
happiness (e.g., Narayan et al. 2000, Gough and McGregor 2007).
There are three broad approaches for understanding how to
generate the conditions necessary for this good life: welfare,
capabilities, and psychological (Hojman and Miranda 2018).  
Approaches that draw from economic ideas of happiness as
welfare or utility, analyze subjective well-being from the
perspective of the relative value of different physical and social
needs being met. These approaches tend to identify objective life
domains, e.g., health, income, relationships, that contribute to
subjective well-being, and assess their relative importance, and
differences among individuals and groups in the importance of
different domains (e.g., Gough and McGregor 2007, Camfield
and Esposito 2014, McGregor et al. 2015). Other approaches
build on Sen’s (2001) capabilities approach and conceptualize
human well-being as the ability to take part in society in a
meaningful way. Here subjective well-being results from personal
freedoms, human agency, self-efficacy, dignity, and relatedness to
others (e.g., Nussbaum 2001, Hojman and Miranda 2018,
Markussen et al. 2018). Finally, psychological perspectives focus
on individual differences in experiences of subjective well-being
based on personality traits, inherited predisposition, and previous
experiences (e.g., Diener et al. 2003). Recent advances have shown
the positive material consequences of high life satisfaction
(Diener et al. 2017).  
Subjective well-being forms part of a broader suite of
characteristics used to measure development progress, along with
others such as social cohesion, inequality, procedural justice,
security, and health. These new metrics move focus from material
well-being and the dominance of assets, income, and expenditure
as metrics of well-being to nonmaterial contributors (McGregor
et al. 2015). Further, knowledge of drivers of subjective well-being
can be used to identify potential target populations and priorities
for development interventions (Diener et al. 2017) and can be
used as an indicator to monitor progress on implementation of
policies (e.g., Dolan and Metcalf  2012). However, people can
report high levels of life satisfaction despite low levels of material
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well-being because of a process of adaptive preference formation
(Sen 2001). Thus, marginalized groups can accept their quality of
life such that conditions are normalized in the eyes of policy
makers. If  this is the case, then measuring subjective well-being
for policy objectives could run counter to the best interests of the
poor, as their utility will always be high (Qizilbash 2006, Clark
2012). Similarly, life satisfaction tends to return to original levels
after any positive or negative change in circumstances, in a process
known as the hedonic treadmill or set point theory (Jebb et al.
2018), although there are exceptions such as divorce and
unemployment where dissatisfaction persists over time (Mancini
et al. 2011). Such a mismatch between material and subjective
indicators of well-being can also point to the multidimensional
nature of well-being, and that people prioritize life domains
beyond material factors (e.g., Camfield et al. 2010, McGregor et
al. 2015).  
When discussing the well-being of rural populations, and
particularly those dependent on natural resources for their
income, multidimensional well-being is constructed in the context
of the environment and its changes (Schreckenberg et al. 2018).
The ebb and flow of natural resources with seasonal changes in
the climate could affect subjective well-being through various
mechanisms. Connectedness to nature is known to have a wide
range of health and well-being benefits (Nisbet et al. 2011) thus
periods of proximity to the land and nature alternated with
periods of off-farm livelihoods may influence well-being.
Favorable climates have been linked to higher levels of subjective
well-being (Kämpfer and Mutz 2013) so subjective well-being may
change with the dry and rainy periods that drive the agricultural
seasons. Food security is low during the agricultural low seasons,
both because of a loss of income, and a low availability of
subsistence produce to consume, with consequences for nutrition
and health and implications for life satisfaction (e.g., Sibhatu and
Qaim 2017). Unemployment is a strong correlate of low life
satisfaction (Paul and Moser 2009). If  main income earners are
unable to secure alternative livelihoods during the agricultural
low season, low satisfaction could result. The corollary of this, is
that being actively involved in agricultural activities could
engender feelings of autonomy, competence, and relatedness,
associated with subjective well-being (Markussen et al. 2018).
Finally, if  harvests were not as successful as on other farms in the
area, or not as successful or as lucrative as in previous years, then
the relative differences may drive low life satisfaction (e.g.,
Asadullah and Chaudhury 2012).  
Where it has been measured over time, subjective well-being has
generally been measured as the emotional changes throughout
the day (Kahneman et al. 2004, Hektner et al. 2007) or as changes
in life satisfaction over the life course (e.g., Aglim et al. 2015). For
example, Anglim et al (2015) looked at stability in subjective well-
being measured annually over periods of 5 to 10 years. They found
that people’s scores were fairly stable, supporting the idea that
people’s satisfaction tends to return to a pre-existing level. They
also found that there were meaningful differences between people
in how much their life satisfaction fluctuates (Anglim et al. 2015).
A u-shaped curve in satisfaction with the life course is observed
in high income, English-speaking countries where satisfaction is
lowest around 50 but this relationship does not hold for other
countries, where satisfaction remains the same throughout the life
course or continues to decrease with age (Anglim et al. 2015).
Changes in positive and negative emotions are measured usual
throughout one day and are explained by various factors such as
the location and nature of the activity taking place (e.g., Schwanen
and Wang 2014). Such techniques are well established in high-
income settings and have been used to show, for example, the
importance of the natural environment in generating positive
affect (MacKerron and Mourato 2013) and to determine factors
affecting satisfaction in the work place (Bryson and MacKerron
2017). Thus, there is need for a meso-level investigation into
changes in subjective well-being intra-annually and a meaningful
investigation into how established changes in livelihood activities
and income interact with subjective well-being.
METHODOLOGY
Survey design
The data used in the present study were collected over the course
of one year (December 2015–November 2016) in two upazilas
(subdistricts) in Rangpur division in northwestern Bangladesh
(see Fig. 1), a comparatively poor part of the country where rice
production across Bangladesh’s three rice seasons (the early
monsoonal “Aus,” rainy season “Aman,” and irrigated dry season
“Boro”) predominates as a livelihood. We use data from a larger
project with the overarching purpose of examining the
importance of survey frequency (weekly, monthly, seasonally) in
shaping recall and measurement error, across a wide range of
common household survey tasks. Over the course of the study
period, participants responded to questions on a number of topics
that would typically be covered in large, integrated household
surveys (e.g., Adams et al. 2016), such as agricultural production,
food and nonfood consumption expenditures, income, and
savings. A total of 46 different tasks were sent to participants,
including a task on subjective well-being. Rather than addressing
all the survey modules in a single sitting, however, the survey was
dissected into short survey tasks to which participants would
respond over the course of the study period. Importantly, the goal
of the overarching project was to examine measurement error and
recall bias, and in this design, the frequency with which
respondents received these survey tasks was randomized, weekly,
monthly (every 30 days), or seasonally (every 120 days), at the
level of the task. Thus, each respondent would receive some tasks
weekly, some monthly, and some only once per season.
Randomization was uniform across all frequencies applicable to
the task; not all tasks were asked at all frequencies, with the
complete list of tasks and frequencies summarized in Bell et al.
(2016, 2019).  
The data were collected using a customized interface for Open
Data Kit (ODK; Brunette et al. 2013) on Android smartphones,
allowing the research team to interact with participants on a high
frequency basis, with participants’ continued engagement in data
collection efforts incentivized by a “microtask for micropayment”
mechanism. These varied in difficulty, typically requiring from 3
to 10 minutes to complete. Tasks were assigned a value ranging
from one to five points, indicating the reward for completion, with
a value of one corresponding to 10MB of data and five
Bangladeshi taka (Bangladeshi currency, US$1 = 84 BDT) of talk
time, and five corresponding to 50MB of data and 25 taka
(US$0.3) of talk time.
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Fig. 1. Map showing the location of the field site. Upazilas =
subdistricts.
The sample was quasi-purposive in design, meant to capture
potential early smartphone adopters (as a best guess of those who
would be well-suited to responding over a long period to an
unsupervised, smartphone-based survey). The two upazilas
(subdistrict) that were selected (Mithapukur and Rangpur Sadar)
had the highest literacy rates in Rangpur district in the 2011
Bangladesh census (Bangladesh Bureau of Statistics 2012). We
randomly selected 40 villages from a pooled list of all villages in
the two upazilas, and for each selected village, we solicited a short
list of 25 potential participants from the local agricultural
extension officer. The extension officer was asked to recommend
farmers with whom they had contact, who were known to have
or use mobile phones, and who might be inclined to use a
smartphone. From this list of 25 names provided, we randomly
selected 12 participants for our study (for a total of 480
participants across the 40 villages).  
By soliciting a larger number of names directly and then randomly
selecting a subset, we hoped to better capture aptitude for
smartphones than would be possible in a random survey but avoid
any issues of patronage that could arise through direct solicitation
of names. Selected participants in all villages attended a full-day
training event to sensitize them to the use of the smartphone, the
use of ODK, the structure of our pilot (e.g., that they would
receive payments for completing survey tasks), and to enable them
to practice completing several different tasks. The average age of
respondents was 33 (SD 11) and the average size of a household
was 4.3 (SD 1.7); 55% of respondents were male, 61% were
married. Levels of education were high: 30% of respondents had
some form of higher education; 53% had attended school. These
characteristics mark our sample as younger and more educated
than a representative sample of household heads for the same
region might be (Bell et al. 2016, 2019) but still, as we indicate
above, highly reliant on agricultural income. Thus, we consider
our sample appropriate (but not representative) to examine intra-
annual effects of agricultural labor and income on subjective well-
being. See Bell et al. (2016) for more details on the survey process.
Measuring subjective well-being
Life satisfaction was measured using the Cantril self-anchoring
scale (Cantril 1965), also used in the Gallop world polls and, as
such, the World Happiness Report. The participants were asked
to imagine a ladder with 10 steps, with the top of the ladder
representing their best possible life and the bottom of the ladder
representing their worst possible life. They were then asked to
identify the ladder step on which they felt they stood at that point
in time (as a number from 0 to 10). The order of the questions in
this set was randomized both across individuals as well as across
time. As with all tasks in this project, the frequency with which
participants were given this task varied, with some participants
receiving this task once per season (once every 120 days), some
receiving this task once per month (once every 30 days), and some
receiving this task every week.
The field area
The field area, Rangpur, is in the northwestern region of
Bangladesh. People of this region, in general, belong to lower
socioeconomic groups. According to National Population Census
2011, half  of the population of Rangpur is illiterate (47.2%),
which is one of the lowest literacy rates among all divisions of
Bangladesh (Sylhet having the lowest literacy rate at 45%). Rural
households in Rangpur are often affected by Monga (a Bengali
term indicating seasonal hunger) and, as such, face cyclical forms
of seasonal food insecurity. Monga mostly affects households
from September to November. This can result in low employment,
subsistence wages and, accordingly, low income (Khandker 2012,
Bryan et al. 2014). Moreover, this region is often exposed to
weather extremes such as droughts and floods. Northern Rangpur
experienced severe droughts during 1994, 2000, and 2006. These
droughts were associated with an increase in out-migration,
decreases in agricultural production, loss of livestock, a rise in
fish mortality, and an overall reduction in biodiversity (Islam et
al. 2014).  
Household incomes in our sample originate largely from
agriculture (~65% of household income, on average), with other
significant sources including livestock (~10%) and wage labor
(~10%). A principal components analysis across measured
sources of income (agriculture, aquaculture, wages, livestock,
remittances, and loans) revealed 96% of variance in income to be
explained by the first principal component, indicating a lack of
variation in income profile across the sample; that is to say, our
sample is largely uniformly dependent on agricultural income,
which in turn derives largely from rice, potatoes, and green
vegetables.
Data analysis
Our analysis included identification of clusters of respondents
using the K-means algorithm (Ding and He 2004) as implemented
in Matlab, applied to the means and variances in responses to
satisfaction items, for a total of two data points/dimensions per
respondent. After identifying groups of respondents using K-
means, we then developed predictive models of reported
satisfaction over time, for the overall sample and for each group,
by constructing regular time series variables in the following
manner: for each variable of interest, a time series of 48 weekly
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Fig. 2. Upper panel shows average reported satisfaction with life from respondents selected to respond weekly to
subjective well-being (SWB) task (n = 264 initially; n = 118 continued respondents after week 40). Lower panel
shows average person-hours per household invested in agricultural labor from respondents selected to respond
weekly to labor task (n = 129 initially; n = 15 continued respondents after week 40).
data points were initialized with non-numeric missing values. Our
overarching experimental design meant that respondents were
given different tasks at different frequencies, thus we needed a
mechanism to put all responses on a common footing. Rather
than discard the additional variation available at weekly
resolution, we chose to impute weekly reported values from tasks
that were asked with monthly or seasonal frequency. Responses
from respondents who completed the task weekly were placed
directly in the appropriate week, while those who reported
cumulative responses over 30 or 120 days had those values spread
across the preceding 4 and 17 weeks, respectively, e.g., a reporting
of 100 hours of labor over the previous 30 days was treated as 25
hours per week over the 4 weeks prior to the response. Second, a
correction factor was applied to account for differences in recall
across different frequencies, which we have identified in a separate
analysis as being significant for most labor and consumption
variables (Bell et al. 2019). Specifically, we rescaled all weekly and
seasonal responses in order that the between-subject means for
each variable measured equaled those for the between-subject
means of monthly responses, arbitrarily chosen as a baseline. This
method allows for lower frequency responses to be used, albeit
with lower resolution. The cost to our analysis of this lower
resolution data is that some significant effects of time-variant
factors may be missed.  
We modeled satisfaction as a function of both (relatively) time
invariant variables (e.g., demographic factors and material
wealth) and variables that change throughout the year (the
agricultural cycle), using Newey-West standard errors with a lag
of, at most, three time periods (weeks). Material well-being was
measured through fixed assets (latrine type and number of rooms
in house), income (taka per week), and expenditure (represented
through the proxy of meat consumption in kg per week). Socio-
demographic factors were included through the variables: age,
years of education, marital status, gender. We also controlled for
the administrative district in which the individual lives. We
represented the agricultural calendar through variables
representing the different activities with which household labor
is engaged: land preparation, planting, fertilizers, pesticides,
weeding, irrigation, and harvesting. In our sample, common crops
included the Aman rice crop (sown in July/August and harvested
in November/December) and the Aus rice crop (sown in March/
April and harvested in June/July); less common was the irrigated
dry-season Boro rice crop (sown in December/January and
harvested in April/May). Finally, we incorporated a variable
representing the presence or absence of household income shocks,
such as the death or illness of a main income earner.
Caveats
The subjective well-being tasks were contextualized with
questions about location, activity, and company. However, most
respondents waited until they were at home to complete the survey
tasks, and as such the setting was overwhelmingly at home with
family and could not help to explain differences in subjective well-
being. Similarly, although we measured positive and negative
affect, the question was phrased as “over the past 24 hours” and
as such in this analysis we considered the evaluative dimension of
the task to be too high to use as an affect measure in comparison
to reported life satisfaction (RLS); preferable would have been to
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ask questions on a range of emotions, in line with
Csikszentmihalyi and Larson’s (2014) experience sampling
method. However, with some modifications, in particular, a time
limit on answering the question, the technology used in this study
could be used to collect momentary measures of well-being.  
Finally, the survey was designed predominantly to collect
agricultural data. Thus, we recognize that the range of predictor
variables included in the model is not representative of the state
of knowledge on the contributors to subjective well-being across
multiple life domains in low-income, rural settings. For example,
it would have been desirable to have collected information on
inequality, feelings of self-efficacy, quality of family life and
personality factors.
RESULTS
Patterns in weekly variation in satisfaction with life
Figure 2a shows average weekly RLS scores for the whole sample
over the year. Figure 2b maps these scores against the agricultural
calendar, constructed using the household person-hours spent on
different agricultural activities that week. In general, people are
satisfied, with average values ranging from between five and seven
out of ten. The data show a general increase in RLS towards the
end of the period but also an increase in variation. The plot shows
that RLS varies considerably from week-to-week, thus, we
investigate RLS as a distribution over time.
K-means clustering of groups based on satisfaction as a
distribution
Using this distribution of reported life satisfaction, we can cluster
our respondents using normalized variables of mean (on average
how satisfied people are) and standard deviation (how stable that
satisfaction is) using the k-means clustering algorithm, that
assigns data to one of a user-input number of categories based
on minimizing Euclidean distance. We explored clustering into
two to six different categories, finding reasonably distinct
response categories with n = 4 (see Silhouette values in Fig. 3; a
well-defined cluster will have Silhouette values greater than 0.5
for most of its points) that we label “Satisfied,” “Dissatisfied,”
“Indifferent,” and “Ambivalent” for the case of four clusters in k-
means (RLS-Over-Time groups; see Fig. 3). The Satisfied group
are those with consistently high levels of satisfaction; the
Dissatisfied group those with consistently low satisfaction; the
Ambivalent group shows scores that fluctuate throughout the
year; and the Indifferent report consistently midlevel scores.
Predicting group membership using socio-demographic factors
We ran probit regressions to predict membership in each of the
RLS-Over-Time groups based only on the time-invariant (or at
least slow changing), socio-demographic factors (Table 1).
Material wealth significantly predicted Satisfaction: this group
was more likely to have a flush toilet and more rooms in their
house. All other groups were less likely to have these assets. There
were also geographical factors that differentiated the Satisfied
group from all the others because it was the only group less likely
to be from the control region of Mithapukur. The Satisfied group
can be characterized as more likely to be younger, less educated,
unmarried women, with assets.
Fig. 3. K-means clustering of individuals based on magnitude
and standard deviation of reported life satisfaction. Silhouette
values greater than 0.5 are indicative of a point fitting within
the cluster to which it is allocated better than to any other
clusters.
Table 1. Coefficients for probit models predicting membership of
each of the satisfaction groups (against baseline of membership
in any other group). Coefficients give the change in likelihood of
belonging to a group (in z-scores, or standard deviations away
from the mean) from a unit change in the predictor; for example,
a one-year increase in age shifts the z-score down by 0.0026. The
dissatisfied group is all male. ***p < 0.01, **p < 0.05, *p < 0.1
 
Indifferent Satisfied Ambivalent Dissatisfied
Age -0.00262*** -0.00227*** 0.00366*** -0.00121
Years of education 0.0374*** -0.0110*** -0.0544*** 0.0362***
Married (1 - yes) 0.145*** -0.334*** 0.260*** -0.133**
Gender (1 - male) 0.502*** -0.456*** -0.189***
Has flush toilet -0.103*** 0.366*** -0.318*** -0.350***
No. of rooms in house -0.0402*** 0.105*** -0.139*** -0.00147
Upazilla Control (1 -
Mithapukur)
0.135*** -0.499*** 0.412*** 0.357***
Constant -0.944*** 0.148** -0.137* -1.955***
Observations 9888 9888 9888 8832
Members of the Indifferent group were younger, more educated,
married men, with fewer assets. The Ambivalent group were more
likely to be older, less educated, married women with fewer assets.
The Dissatisfied group consisted entirely of men, and
membership was predicted by increased education, single status,
and fewer assets. In the following section we predict RLS for the
entire sample and these groups in order to see if  characteristics
of RLS, that is to say the level and stability of life satisfaction
and showing RLS as a distribution, influenced the objective
predictors of RLS.
Predicting reported life satisfaction
We apply a time-series regression analysis using Newey-West
standard errors in order to model RLS for the whole sample and
for the RLS-Over-Time groups. Specifically, we predict RLS using
three sets of variables: (i) time-invariant socio-demographic
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Table 2. Summary statistics showing characteristics of different RLS-Over-Time groups. Numbers for agricultural activities represent
person-hours per week of household labor spent in this activity. Scale for reporting shocks: 0 – none; 1 – low impact; 2 – medium












Age 35.17 32.87 32.62 67.11 32.34
Years of education 8.68 8.02 9.14 8.84 8.56
Marital status 32% 28% 33% 47% 31%
Gender (% male) 91% 86% 94% 90% 91%
# Rooms in house 3.94 4.32 3.87 3.84 3.64
Has flush latrine 0.32 0.39 0.30 0.21 0.31
Household meat consumption 0.09 0.05 0.05 0.07 0.21
Household income taka/week 3501.69 2107 2637 1849 7384
Land preparation 13.77 28.39 8.77 16.48 4.94
Planting 11.87 24.64 4.01 6.97 13.26
Fertilizers 19.79 22.77 21.20 4.82 18.32
Pesticides 2.48 0.93 2.45 4.51 3.73
Weeding 18.18 19.79 18.93 8.93 17.77
Irrigation 2.37 0.58 1.47 6.06 5.08
Harvesting 3.42 1.39 6.27 1.43 1.00
Most severe shock experienced this period 0.03 0.03 0.03 0.03 0.04
characteristics; (ii) a selection of agricultural labor, consumption,
and event-experience variables for the current period, and (iii)
two-week lagged periods.  
Current period variables represent the situation experienced by
that individual when they answered the question, and include
weekly income in taka and meat consumption (as a crude proxy
for expenditure), the presence of income shocks, and the
agricultural activities on which the household is expending labor
at that point in time. The 2-week lagged variables are included to
take into account that the benefits or disadvantages of
agricultural activity may not be realized until a period after the
event, for example, selling of products after processing, lower
income after paying workers, or debt resulting from income
shocks. Time invariant variables control for the socio-
demographic characteristics of the individual. Table 2 provides
summary statistics on these variables for the whole sample and
each of the RLS/Time groups.  
Overall, the fraction of variance explained by our model is not
overly high, around 10% for all models except the Indifferent
group, for which the number of data points is rather low. However,
we caution that maximizing explained variance is not always (and
is not here) a central goal. Recognizing that RLS is shaped by an
innumerable number of different factors, we built a model that
included our best representation of time-invariant and time-
variant factors specific to a rural lifestyle in Rangpur, Bangladesh.
Thus, our interpretation of model fit here is to note that
somewhere on the order of 10% of variation in RLS appears to
be explained by our best representation of rural agricultural life.  
For the whole sample, increased age, more years of education,
being married and a man reduce the likelihood of being satisfied
(Table 3). Material well-being in the form of assets and
expenditure (meat consumption) increase the likelihood of being
satisfied. Thus, RLS is predicted by objective measures of well-
being. However, income and income shocks are not significant
predictors of reported life satisfaction at the group level.  
With respect to the agricultural cycle, land preparation and
harvesting activities are associated with higher satisfaction in the
current period and planting and fertilizer application are
associated with higher satisfaction with a two-week time lag.
Planting, weeding, and irrigation activities are associated with
less satisfaction in the current period, and land preparation,
pesticide application, weeding, irrigation, and harvest activities
are associated with less satisfaction after a two-week time lag.  
The material predictors of life satisfaction change when the
sample is disaggregated by RLS-Over-Time group and the
direction of the relationship can vary between groups. For
example, income becomes a significant predictor when the sample
is disaggregated, but the relationship is positive in the Dissatisfied
and Ambivalent groups, but negative in the Satisfied group. For
the whole sample, number of rooms in the house (as a proxy for
asset-based wealth) has a positive relationship with RLS for the
whole sample, but when disaggregated the Satisfied group shows
a negative relationship between assets and RLS.  
Furthermore, the relationship between some agricultural
activities and RLS becomes significant or insignificant, and the
direction of the relationship can change. For example, in the
Ambivalent group, if  agricultural activities are significantly
associated with RLS, the relationship is positive. However, in the
Satisfied group, fewer agricultural activities are significantly
associated with RLS than in the other groups, and the one
significant relationship is negative (weeding). However, there are
not always differences between the whole sample and
disaggregated groups. Land preparation as a lagged variable is
negatively associated with RLS for the whole sample, and all
disaggregated groups.
DISCUSSION
This is the first study of its kind to measure life satisfaction on
high temporal timescales in a low income, rural setting. In low
income settings, subjective well-being is usually measured through
questions incorporated into annual, or occasionally seasonal,
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Table 3. Results of the regression model predicting reported life satisfaction based on socio-demographics, wealth level, and agricultural
activity for the whole sample, and disaggregated by satisfaction groups. For shocks: 0 – none; 1 – low impact; 2 – medium impact; 3 –
high impact. ***p < 0.01, **p < 0.05, *p < 0.1
 
All groups Satisfied Dissatisfied Ambivalent Indifferent


















Meat consumption (kg/week) 0.00609*** -0.000205 -0.000945 -0.156 0.0584
Income (taka/week) 1.47e-06 -4.99e-06*** 5.96e-06*** 2.04e-06*** -3.99e-05
Land preparation (hours/week) 0.000258* 0.000439 0.000678* 0.0515 -0.0103
Planting (hours/week) -0.000501** 0.000376 -0.00217 0.00385** 0.0183
Fertilizer (hours/week) -3.17e-05 -8.69e-06 -0.000194*** 0.000620*** -0.00563**
Pesticide (hours/week) 0.000862 -0.000195 0.00295*** -0.101 -0.621***
Weeding (hours/week) -4.76e-05*** -3.72e-05*** 0.000124 0.000272*** 0.000433**
Irrigation (hours/week) -0.000986*** 0.00362 -0.00577*** 0.00632***
Harvest (hours/week) 0.000818** -0.00138 0.000538*** 0.00150 0.0486***
Most severe shock experienced this period -0.167 -0.203** -0.202 -0.720* 0.188
Two-week lagged variables
Meat consumption (kg/week) 0.0116*** 0.211 0.00444*** 0.110 0.122
Income (taka/week) 9.71e-08 -2.22e-06** -1.63e-06 -8.88e-08 3.97e-05
Land preparation (hours/week) -0.000184* -0.000139 -0.000295*** -0.00190*** 0.00600
Planting (hours/week) 2.07e-05*** 1.76e-05 -8.38e-06 0.00358** -0.0103
Fertilizer (hours/week) 5.69e-05*** 4.37e-05*** -8.50e-06 1.34e-06 -0.00208***
Pesticide (hours/week) -0.000470** -0.000855 0.000580 -0.000547*** 0.000566
Weeding (hours/week) -3.78e-05*** -2.27e-05*** -9.60e-05** 0.000184*** 9.72e-05
Irrigation (hours/week) -0.000586 0.00128*** -0.000645 -0.00126*** -0.000159
Harvest (hours/week) -0.000138*** -3.68e-06 0.00117 -0.00328 0.0428**
Most severe shock experienced this period 0.0280 -0.174 0.0381 -0.00482 0.468***
Time-invariant
Age -0.00134* 0.00412 0.00131 -0.00150 0.0889***
Years of education -0.0249* 0.0124 -0.0961*** -0.00811 -0.265***
Married (1 - yes) -0.467*** 0.348*** 0.360** -0.231 -0.0432
Gender (1 - male) -1.171*** -0.373** -0.377*** -0.565
Has a flush toilet 0.254** -0.257*** 0.255** 0.367 1.544***
No. of rooms in house 0.0826*** -0.138*** 0.0299*** 0.00770 0.238**
Upazilla Control (1 - Mithapukur) -0.370*** 0.320*** 0.211* -0.749* 0.903***
Constant 7.268*** 5.634*** 8.400*** 6.901*** -0.363
Observations 3,479 1,516 1,399 362 202
R-squared 0.085 0.074 0.117 0.093 0.592
household surveys (e.g., Adams et al. 2016) that tend to take place
during the dry season when access is easier. This creates issues for
generalization and comparability (Jolliffe and Serajuddin 2018)
because across the agricultural calendar, a range of objective life
domains, e.g., income security, sense of community, or
relationships, could be affected sufficiently such that satisfaction
scores fall (Chambers et al. 1981, Dercon and Krishnan 2000,
Hulme and Shepard 2003).  
Questions on life satisfaction ask a person to cognitively reflect
on whether they are meeting their own objectives in life, with the
individual deciding which dimensions to include in the
assessment, e.g., income, relationships, health, or community, and
how to weight them. Responses should be stable enough that they
are not reflecting short-term fluctuations in emotions. However,
the responses must also be sensitive enough to change with life
conditions (Diener et al. 2013). Without temporal context we
cannot tell from the one-off  or annual social surveys, whether the
response given that day reflects a cognitive assessment or the
dominant emotions on that day. Further, we do not know if  that
person is predisposed to interpret life in a positive or negative way.
This dataset allows us to contextualize one-off  life satisfaction
scores.  
Our results reveal high levels of variability between individuals
in their life satisfaction scores over time. However, using cluster
analysis we identified four natural groups based on the levels and
stability of life satisfaction over time (RLS-Over-Time groups):
those with consistently high, low, medium scores, and those whose
scores fluctuated highly from week to week. For three of the four
groups, consisting of the majority of the population surveyed
(90%), evaluations of life satisfaction are generally stable year-
round. Only one group surveyed (the Ambivalent group,
representing 10% of the population) reports highly fluctuating
life satisfaction scores. High variability between individuals, but
general stability over time, is consistent with patterns of well-
being when measured annually over the life course (Anglim et al.
2015).  
Socio-demographic characteristics were significant predictors of
membership of our RLS-Over-Time groups; for example, the
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Dissatisfied group were more likely to be educated, unmarried
men. In these rural communities of Bangladesh, like elsewhere,
age, sex, marital status, and levels of education determine an
individual’s status in society, opportunities, norms, and
expectations upon them (Camfield et al. 2010). Although in
general, people have been found to prioritize education for
subjective well-being, i.e., well-being increases with education
(Camfield et al. 2009), higher levels of education could be
associated with dissatisfaction in our sample because of increased
awareness of opportunities unattained. This is consistent with
arguments for the importance of relative well-being (Coulthard
et al. 2018) and well-being generated by position in society as well
as individual personality traits and objective conditions (Helliwell
2003, Kahneman and Krueger 2006). Some results were
surprising, such as the negative association between assets and
life satisfaction in the Satisfied group. In this case, assets could be
associated with higher levels of debt, for example, or increased
responsibility within the community (Adams et al. 2018).  
Our data show that life satisfaction is also sensitive to seasonal
changes in agricultural activities. For example, land preparation
and harvesting activities are associated with higher satisfaction
in the current period and planting and fertilizer application are
associated with higher satisfaction with a two-week time lag. Land
preparation could be associated with life satisfaction because of
optimism of a new season, high levels of communal activity;
however, it is also a period where energy expenditure tends to
exceed energy input, i.e., people are working hard but on low food
supplies (Chambers et al. 1981). Harvesting is associated with life
satisfaction, which is consistent with increases in income and food
security. Planting, weeding, and irrigation activities were
associated with less satisfaction in the current period, and land
preparation, pesticide application, weeding, irrigation, and
harvest activities were associated with less satisfaction after a two-
week time lag. These results could be interpreted as the negative
impact of monotonous agricultural activities with little positive
return. The effect sizes are not large but we would not expect them
to be considering the range of influences on subjective well-being.
Furthermore, in this research we worked with land-owing farmers,
who were likely to have a higher technological literacy.
Landowners, because of their larger asset base and higher levels
of social capital, are able to smooth the effects of seasonality more
successfully than the landless (Lazar et al. 2019).  
Finally, the ability to examine RLS over time as a distribution
(with a mean and variation) and not simply as a point estimate
allows us to characterize respondents into groups whose RLS
varied differently over time. Disaggregating the analysis by RLS-
Over-Time groups, the objective determinants of life satisfaction
change. That is to say, the things that make someone who is
generally satisfied, more satisfied, differ from the things that make
someone who is generally dissatisfied, more satisfied and this was
true for both agricultural and time-invariant factors. For example,
in the Ambivalent group, where agricultural activities are
significantly associated with life satisfaction, the relationship is
positive. However, in the Satisfied group, fewer agricultural
activities are significantly associated with life satisfaction than in
the other groups, and the one significant relationship is negative
(weeding).  
Because membership of the life satisfaction groups is predicted
by socio-demographic variables, it may be that these differences
are a result of the different capabilities of the farmers with
different positions in the rural community, for example, their
ability to employ farm labor or hire machinery (Adams et al. 2018,
Ballet et al. 2018). Also, gender might be playing a role, because
different RLS-Over-Time groups were more likely to be associated
with men or women. Women in Bangladesh are not heavily
involved in agricultural labor in rice production (Rahman 2000)
but where they are involved it tends to be as hired laborers when
there is insufficient male labor (Sraboni et al. 2014). Alternatively,
these results could be reflecting the role that subjective well-being
can play in determining material well-being outcomes; in high-
income settings happier people tend to be more successful in work
(Diener et al. 2017). Or these results could be reflecting the role
of positive emotions in psychological resilience and coping under
difficult circumstances (Tugade et al. 2004).
CONCLUSION
Subjective well-being as a core element of multidimensional well-
being, the important role of the natural environment in producing
well-being, and the seasonality of rural livelihoods are well-
established (e.g., Hoque et al. 2018 in Bangladesh). However, there
has been very little work bringing these ideas together to reflect
on the seasonality of subjective well-being and its implications in
rapidly changing rural environments (Hoque et al. 2017). Here
we show that the agricultural calendar and its highs and lows of
activity and income are associated with reported life satisfaction
in landowning farmers in Bangladesh, and not only through their
impact on material wealth. We also show that the impact on life
satisfaction of activities depends on the characteristics of that
person’s reported life satisfaction.  
The results show that subjective well-being needs to be measured
over time, as a sequence or shape rather than a point in time. The
average level of life satisfaction and its stability has provided novel
insights into the social, cultural, and economic determinants of
life satisfaction and the sensitivity of that life satisfaction to
changes in life conditions over the meso-temporal scale. Although
a measure of subjective well-being cannot be taken as a measure
of utility because of adaptive preference formation, it can help
policy makers to understand the life dimensions that matter to
people and shift focus from addressing material poverty only.
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